This study analyses consumer last-mile delivery service choice behaviour by developing a cross-nested logit model (CNL); we then compare the analytical results with three nested logit models (NL). The model parameters are estimated using the data from a questionnaire collected from consumers residing in Beijing, Shanghai, Tianjin, Guangdong, Zhejiang, Jiangsu, and Shandong. The direct elasticities and cross-elasticities are then calculated to assess the change in probability of each alternative caused by utility variables. Parameter estimation results demonstrate that the CNL model outperforms the three NL models. Consumers are usually reluctant to change the way they are served when utility variables are altered. Moreover, elasticity analysis results suggest that service factors have the strongest effect on choice probability, followed by socioeconomic factors and delivery activity factors. Thus, enterprises should first strive to promote the service experience of consumers in corresponding delivery services, then account for the effect of socioeconomic factors, and finally consider changing delivery service fees if they want to induce consumers to select a specified delivery service.
I. INTRODUCTION
China Internet Network Information Center survey data indicates that China's online retail sales reached 4081 billion CNY in the first half of 2018 and has continued to maintain steady growth. China's online shopping has entered the stage of high-speed development. Attracting consumers to engage in online shopping is no longer the biggest problem; instead, improving the delivery service and online shopping experience of consumers are the challenges confronted by e-commerce enterprises. Because it is the only link that can directly reach consumers, ''last-mile'' delivery plays a vital role in providing a satisfying internet purchasing experience [1] , [2] . Many e-retailing giants believe that last-mile delivery ability represents a core asset with which an enterprise can obtain a competitive advantage [1] .
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Last-mile delivery is the arena in which ongoing e-commerce battles are currently being fought. Driven by market trends and consumer demands, both online retailers and shippers continue forcefully striving to improve last-mile delivery service. Door-to-door delivery has been the most popular mode adopted for last-mile delivery. To meet the growing demand of consumers for personalised last-mile delivery service, professional logistics operators and start-ups have proposed numerous innovative delivery solutions, such as unmanned aerial vehicles [3] , [4] , unattended reception boxes, and self-pickup at convenience stores [5] , [6] . These new solutions offer an alternative to home delivery and have become increasingly popular in recent years [7] . It's also important to note that any delivery service must be executed and achieved in a specific time slot. Therefore, online retailers and shippers are also providing delivery services at various time slots to meet consumer needs, in addition to exploring new delivery solutions. For example, customers can choose nonprofessionals (crowdsourced workers) to deliver goods to their doors between 8:00 and 10:00 because this choice may be cheaper than others.
The current studies on the last-mile-delivery service mainly focus on the design and optimisation of last-mile delivery schemes [8] - [12] , the impact of delivery service schemes on consumers [13] , and the differentiated time slot pricing [14] , [15] . Certainly, consumer choice behaviour is also concerned by scholars [16] - [18] , but their studies are mainly about the consumer preferences for a particular type of delivery service. From the existing research, the correlation between time slot and delivery service has not been considered, and the consumer choice behaviour regarding different types of last-mile-delivery service has not been fully discussed. To bridge this gap in the literature, this study examines individual joint choice behaviour regarding last-mile-delivery service, and focuses on the reality that delivery services are diversity and associated with time slot. The generalised extremum model, which has a closed probability expression, was used to determine the correlation between any candidate schemes and can be estimated without the aid of simulation technology [19] . Therefore, this study adopts the theoretical framework of the Generalized Extra Value (GEV) class to construct a cross-nested logit model (CNL) and applies it to describe joint choice behaviour. The CNL model is also compared with nested logit models (NL). The sample data obtained from the questionnaire survey are used for parameter estimation to analyse the influence of socioeconomic attributes, delivery activity attributes, and service attributes on consumer choice of delivery service.The models help enterprises to understand the consumer choice behaviour on last-mile-delivery service, and are of great significance to reveal the law of the behaviour. More importantly, the analytical results suggest some possible strategies for online retailers and shippers to improve service. Compared with other relevant research, the differences in the contributions of this study are as follows: (1) Consumer joint choice behaviour is analysed instead of single-choice behaviour. ( 2) The CNL model and three NL models based on GEV theory are constructed to consider the effects of socioeconomic factors, delivery activity factors, and service factors. (3) Elasticity analysis is performed to explain the change in probability of each alternative, given one unit of change in a given utility variable.
To achieve the research goals, the remainder of this paper is organised as follows: In Section 2, individual joint choice is explained and corresponding literature research is introduced; in Section 3, the data used for this study is interpreted; in Section 4, the methodology adopted is described and the detailed formulations of the CNL model and NL models are proposed. Section 5 presents the results of estimation and elasticity analysis and is followed by a discussion in Section 6. The final section outlines the conclusions. 
II. SELECTION OF LAST-MILE-DELIVERY SERVICE
Driven by internet thinking and artificial intelligence, many innovative delivery solutions have been proposed by professional logistics operators and start-ups [1] , diversifying the range of available last-mile-delivery services ( Figure 1 ). These solutions have met the demand of customers to flexibly choose the distribution service mode according to their time, place, and environment. Therefore, the choice of delivery service is no longer just between door-to-door or self-delivery service but can involve the selection of a combination of delivery patterns, service types, and time slots.
Delivery pattern refers to a certain combination of delivery activities through which the physical transfer of goods from the last transit point to the final drop point can be accomplished. The delivery activities may be performed by logistics operators or consumers. From the perspective of distribution activity administrators, last-mile-delivery patterns can be divided into collection delivery points (CDPs) and door-todoor delivery [6] , [20] - [22] . There are two types of CDPs: attended CDPs and unattended CDPs [6] , [23] , [24] . Unattended CDPs (e.g., unattended smart lockers) mainly employ luggage locker technology that can be operated independently by customers because no human interaction is required [24] . A convenience store, specialised pickup store, and post office each represents an attended CDP where consumers may be served by professional personnel specialising in delivery services or nonprofessional personnel (e.g., a convenience store owner) who provides services on a part-time basis. Depending on the manner in which customers are served at a CDP, we propose that the service types of CDPs include professional-provided service, nonprofessional-provided service, and unattended service. The service types of doorto-door delivery also entail the aforementioned distinction. Hiring professionals to provide door-to-door delivery remains an expensive option for retailers but is the most popular mode for last-mile delivery [25] . Many retailers have attempted to use crowdsourcing or drones for delivery [3] , [25] - [27] . Crowdsourcing workers are nonprofessionals who do not specialise in distribution and use their free time to earn extra income. A delivery service using drones, which is slowly being adopted for last-mile delivery, can be considered an unattended service. It has recently captured the interest of customers because the technology may be able to satisfy consumers' desire to pick up goods whenever and wherever they want [28] .
Many studies have investigated the design and optimisation of above last-mile delivery schemes, including door-to-door delivery and CDPs [8] - [12] , and evaluated the trade-offs entailed by the various modes of last-mile delivery [2] , [6] . Esper et al. [13] studied the effects of online retail delivery strategies on consumers, and Yuen et al. [7] analysed customer intention to use self-collection as a method of last-mile delivery. However, these studies did not focus on consumer behaviour and not clearly recognize the relationship between delivery pattern and service type. Liu et al. [16] analysed individual joint choice of collection delivery trip and trip chain and found that individual choice can be influenced by trip characteristics and individual sociodemographic characteristics, but they mainly focused on CDPs. Other solutions for last-mile delivery have also received attention, such as crowdsourcing last-mile delivery, proposed by Devari et al. [25] , and the use of drones, as suggested by Pugliese and Guerriero [4] . Although current research concerning last-mile-delivery service is relatively robust, there is still a lack of systematic generalisation of last-miledelivery services and analysis of consumer preference for these services.
Due to the variety of delivery patterns, service types, and customer preferences, any one of a range of pickup or delivery periods might be selected now. For our study, we divide one day's delivery times into four slots: 8:00-10:00, 10:00-12:00, 12:00-16:00, and 16:00-18:00 [29] . These slots are those often provided to customers by retailers. Providing a range of time slot options can better meet customer needs and improve order fulfilment [17] . The literature concerning attended home delivery and unattended delivery has also identified differentiated time slot pricing as a major tactical problem [14] , [15] , [17] , [30] . Some studies on the topic have been conducted, including the following. Asdemir et al. [31] used a multinomial logit model to incorporate customer choice behaviour; however, they mainly used this model to analyse the dynamic pricing of multiple home delivery options and did not consider the relevant connection between time slot and customer service choice. Ehmke and Campbell [32] investigated the interaction of commitment to a service time window and the reliability of actual deliveries in metropolitan areas, and their point is also not the customer behaviour. They only briefly investigated the influence of customer choice behaviour in their study. Klein et al. [17] modelled customer behaviour using a general nonparametric rank-based choice model, but the study focused on attended home delivery. The aforementioned research suggests a close correlation among time slot, delivery pattern and service type, but few studies have assessed consumer behaviour combined with this research perspective.
III. DATA
To analyse individual joint choice of delivery patterns, service types, and delivery time slots, relevant data are collected and analysed. The data used in this study were obtained from consumers living in Beijing, Shanghai, Tianjin, Guangdong, Zhejiang, Jiangsu, and Shandong, where the e-commerce economy is flourishing ( Figure 2 ). The survey was conducted from April to May 2018 and in the form of an online questionnaire. To guarantee high-quality data, the survey adopted a reward-based method and required that only one questionnaire be filled out by the same user or IP address. A total of 1,300 consumer questionnaires were obtained, of which 1,240 were valid, accounting for 95.38% of the total questionnaires. The age distribution of consumers is shown in Figure 2 . During the survey, the sampling proportion of consumers of all ages in different regions was basically the same. General descriptive statistics of consumer choice are listed in Table 1 . From the perspective of delivery pattern, most consumers are still more willing to be served by door-to-door delivery. Consumers who choose CDPs exhibit a preference for a service type other than door-to-door delivery and prefer to choose a nonprofessionally provided self-pickup service. Nonetheless, 62.66% of consumers tend to select a professionally provided service. Unattended service is still at the stage of trial by consumers and has not yet been fully accepted. Whether with respect to delivery pattern or service type, the time slot of 16:00-18:00 was the most favoured, followed by 10:00-12:00, 12:00-16:00, and 8:00-10:00. This was consistent with the daily working hours of consumers.
Although statistical description can reflect current consumer choice preferences, it is worth noting that consumer choice can be significantly influenced by utility variables. The utility variables included in the analysis are listed in Table 2 with their average values and standard deviations. Socioeconomic variables are used to reflect the differences among consumers regarding their choice behaviours. Variables contained in the delivery activity factors category are used to describe the differences in the delivery activity itself, and those contained in the service factors category are used to explain the attractiveness of different services to consumers. Table 2 reveals that the average monthly household income of respondents is approximately 10,000 CNY, the distribution of working time flexibility among the respondents is moderate, most respondents reside with children or older adults requiring care, and most are concerned with communicability and equipment operability. The value for delivery activity factors demonstrates that high-quality service with low cost is always favoured by consumers. The data for service attitude are slightly higher in value than the data for the concern with waiting time and economic loss. We further interpret consumer joint choice and the influence of utility variables on the basis of these survey data.
IV. METHODOLOGY
Many discrete-choice models based on random utility theory are used for behaviour analysis, and the use of an NL model is especially common for analyses that require that the hierarchical structure of a scheme be set in advance, which entails that the alternatives within each ''nest'' are relevant and that those belonging to different ''nests'' are independent of each other. To a certain extent, an NL model relaxes the IIA assumptions, but it is only suitable for correlations in one dimension. To overcome the limitations of an NL model, we use a CNL model to identify the correlations among the three dimensions of delivery pattern, service type, and time slot. In the following, we describe how the CNL model was developed and compared with three NL models.
The model choice set C comprises three subsets, which are delivery pattern subset d, service type subset s, and time slot subset t. For each individual, the delivery pattern subset d includes two alternatives, which are door-to-door delivery and CDPs. Depending on consumer demand, logistics enterprises may provide different services, such as professional service, nonprofessional service, and unattended service, and these form the service type subset s with three alternatives. Time slot subset t has four alternatives: 8:00-10:00, 10:00-12:00, 12:00-16:00, and 16:00-18:00. Therefore, the model choice set C = c 1 , c 2 , . . . c n is defined as the joint choice set of d = 2, s = 3, and t = 4, which creates a set of 24 alternatives for each individual. Details of the alternatives are presented in Table 3 . To compare the CNL model with other models, three NL models with one-level nesting structures(nesting by delivery pattern, service type and time slot respectively) are firstly built. The example uses nesting by delivery pattern, and each alternative is assigned to exactly one delivery pattern nest. The structure is displayed in Figure 3 , where γ i (0 ≤ γ i ≤ 1) is the dissimilarity parameter for determining the correlation between alternatives that share the nest of delivery pattern. The correlation decreases as the dissimilarity parameters increase. As evident in Figure 3 , an NL model only accommodates correlation along one of three dimensions. Hess and Polak [38] also indicated that the structure of an NL model can only accommodate correlation along, at most, two of three dimensions. For these reasons, the CNL model was used to overcome the shortcomings of NL models. The CNL model is illustrated in Figure 4 , where γ i , δ j , µ k are nest dissimilarity parameters (γ i , δ j , µ k ∈ [0, 1]). The allocation parameter a im (0 ≤ a im ≤ 1) indicates the proportion of alternative s i belonging to nest m, and all of the allocation parameters of alternative s i sum to 1 over the nests ( m a im = 1, m = 1, 2, . . . . . . 9).
According to random utility theory, a decision-maker n will select an alternative s i (I = 1, 2, . . . n) if and only if the utility U in provided by alternative s i is the largest utility value; for instance, U in > U jn (j ∈ C, ∀i = j).
In Eq. (1), X inl denotes the value of the lth utility variables that are associated with the alternative s i selected by decisionmaker n, and β l is the unknown parameter that needs to be estimated. The variable ε in is a random error item that captures all other factors unobserved by researchers. For convenience, notation n for the decision-maker is omitted in the following expressions.
Assuming that the distribution for each ε i is drawn from standard Gumbel distribution, then the following function [as shown in Eq. (2)] represents a cumulative extreme-value distribution. According to McFadden [39] , the probability of alternative i being selected in the CNL can be calculated 
Unknown parameters that need be estimated in Eq. (3) include the dissimilarity parameter µ m , the allocation parameter a im , and the coefficient β l in U in .
However, the estimated parameters are not directly interpretable because they represent the variable effects on each utility function but not the choice probability [16] . Therefore, the elasticities are computed and used to analyse the change in probability of each alternative given one unit of change of a given utility variable. The direct elasticities relate to attributes of the alternative under consideration, and the cross-elasticities relate to the attributes of competing alternatives. The direct elasticity is computed with the expression given by Eq. (4), and the cross-elasticity is calculated using Eq. (5).
where E P i −x il is the direct elasticity of the probability of selecting alternative s i with respect to a marginal change in a given attribute x il and E P i −x jl is the cross-elasticity of the probability of selecting alternative s i with respect to a marginal change in the value of the lth attribute of alternative s j .
V. RESULTS AND ANALYSIS A. RESULTS
As depicted in Figure 4 , the CNL model comprises 9 nests and 24 alternatives, producing 9 dissimilarity parameters and 72 allocation parameters. The existence of many unknown parameters leads to an expensive estimation process and an overparameterised model. With reference to other studies [33] , [38] , [40] , we constrained all nonzero allocation parameters to a value of one-third. The CNL model's estimation was performed using the software Biogeme, and the estimation results are presented and compared with three NL models in Table 4 . When using fixed allocation parameters, nested likelihoodratio tests cannot be used. However, the models can still be compared using Rho-square-bar statistics, which considers the cost of a model in terms of the number of parameters. From the values presented in Table 4 , it is evident that the estimate models demonstrate good overall fit and that the signs for parameters are compatible with previous assumptions. The CNL model is more valid than any NL model, which also indicates that combined analysis of the three choice nests can offer great benefits. Among the NL models, the model with optimal fit was the one that uses nesting by service type, and the model that uses nesting by time slot demonstrated poor performance.
The estimation results of the CNL model were similar to those of the NL models. It can be seen by observing the estimated results of CNL model that except for the estimated parameters for HNur, OMDel, TPHDelU, and TPPDelP, other estimated parameters were statistically significant. Estimated parameters for Curi, TPPC, ObDel, ObOut, CoDel, and CoPickup were negative, indicating that the utility of alternatives decreases with increases in curiosity, cost to pick up goods at unattended CDPs that consumers accepted, degree of concern with the waiting time, and degree of concern regarding economic loss. Among the socioeconomic and service factors, monthly household income, working time flexibility, communicability, equipment operability, and satisfaction with service attitude demonstrated positive effects on the utility of alternatives, which corresponds with reality. For delivery activity factors, TPHDelPC, TPDelUAV, and TPPAg also had positive effects, indicating that the utility of alternatives increases with increases in the cost of doorto-door delivery by professionals or drones that consumers accepted and that of picking up goods at CDPs served by nonprofessionals accepted by consumers. The positive effect of consumer attitude regarding cost is distinctive and might be attributable to the greater convenience of these three delivery services leading to increased consumer dependence.
All dissimilarity parameters are significant in the CNL model and the NL models, but the values in the CNL model are almost all lower than those in the NL models and the significance levels in the CNL model are higher than in all NL models. This indicates the superiority of the CNL model for determining the correlations among alternatives. The values of the dissimilarity parameters in the CNL model reveal that dissimilarity parameters along the service type nest are the smallest, which indicates that alternatives in the nest of service type have strong correlations. When utility variables change, consumers are usually reluctant to change the way they are served and may be more likely to select a different delivery pattern and time slot. However, there are two distinct trends among dissimilarity parameter values in the time slot nest because the values of ''MU_u1'' and ''MU_u2'' are much greater than those of ''MU_u3'' and ''MU_u4'', which indicates that the trend of consumer selection in terms of delivery pattern and time slot is related to when the delivery service is performed.
B. ELASTICITY ANALYSIS
Elasticities are calculated using the parameter estimation results that are significant in the CNL model, the values of which confirm the effect of variables obtained through the utility function estimation. In Table 5 , the number in each grid represents the elasticity of a given utility variable on each alternative.
In terms of socioeconomic factors, the choice probabilities of alternatives reveal significant and different marginal effects with respect to FamMin, WoTFle, PreRCom, PreMCom, and Curi. Notably, the probability of selecting any alternative increases with increases in FamMin, WoTFle, PreRCom, or PreMCom. PreRCom has the strongest positive effect, and WoTFle has the weakest effect (absolute elasticity value between 0.905 and 0.442). By analysing the elasticity values of PreRCom, we can also determine that the probability of selecting nonprofessionals in door-to-door delivery is influenced more obviously by the change of PreRCom than in other service types. The same is true for the elasticity of PreMCom in terms of service type. However, the change of FamMin has a stronger effect on consumer selection of unattended service than on the selection of of professionals or nonprofessionals. As evident in Table 5 , given a unit of increase of FamMin, the probability of selecting unattended for the type of door-to-door delivery increases by 3.663%, 3.643%, 3.642% and 3.561%, for the different time slots, whereas that of selecting the professional type for doorto-door delivery increases by 3.24%, 3.078%, 3.135% and 2.55% for the different time slots, respectively. Differing from the elasticities of the aforementioned variables, an increase in Curi is accompanied by a decrease in the probability of selecting alternatives. The probability of selecting door-todoor delivery with nonprofessionals is the most affected by the change of Curi. Analyzing the elasticity values from the perspective of time slot, it can be seen that the probability of consumer choosing service between 8:00 and 10:00 is affected least by the change of WoTFle.
In terms of delivery activity factors, TPHDelPC exhibits the largest marginal effect on the choice probabilities of alternatives, followed by TPPC, TPDelUAV, and TPPAg. Comparing the elasticity values of the four time slots under each delivery pattern reveals that the increase of TPHDelPC most significantly increases the probability that consumers will select door-to-door delivery service from 8:00-10:00 or will select CDPs to receive the service between 12:00-16:00. The detailed elasticity values on TPHDelPC of alternatives 1, 5, 9, 15, 19 , and 23 are 1.565, 1.517, 1.459, 1.475, 1.474, and 1.424, respectively. Second, the change of TPPC has relatively little effect on consumer selection of door-to-door delivery by professionals or unattended CDPs. The influence of TPPAg is consistent with that of TPPC in terms of the change rule but demonstrates a positive effect. Finally, the probability of selecting alternatives increases given a unit increase of TPDelUAV, with consumers choosing the unattended service type demonstrating the most noticeable change. In general, the effect of delivery activity factors on joint choice of delivery pattern, service type, and time slot is weaker than that of socioeconomic factors.
In terms of service factors, CoDel and CoPickup exhibit the weakest effect. Thereinto consumers who choose doorto-door delivery served by professionals are least sensitive to CoDel (except consumers who choose CDPs served by nonprofessionals from 8:00-10:00), and those who choose the same delivery pattern served by nonprofessionals are most sensitive to CoPickup. ObDel and ObOut have the same effect as CoDel and CoPickup in terms of service type, and the probability of selecting alternatives decreases with increasing ObDel and ObOut. A comparison of the ObDel elasticity values of the four time slots reveals that the probabilities of choosing door-to-door delivery from 8:00-10:00 are the most influenced in door-to-door delivery, but the probabilities of selecting CDPs from 16:00-18:00 are least affected in CDPs. Unlike these variables, SaDel and SaPickup have the positive effect. The probabilities of selecting door-to-door delivery by nonprofessionals are most sensitive to SaDel (the values are 8.286, 8.244, 8.201, and 7 .841 for the different time slots, respectively) and those of selecting CDPs served by professionals are most sensitive to SaPickup (the values are 4.05, 4.02, 4.014, and 3.875 for the different time slots, respectively). Analysing the elastic values of SaDel and SaPickup for different time slots reveals that the effect of SaPickup on door-to-door delivery from 16:00-18:00 is the weakest.
VI. DISCUSSION
Online retailers and shippers are increasingly willing to provide consumers with a variety of delivery services, but they also focus on resource allocation to reduce cost and improve efficiency. It is hoped that some management suggestions that support them operation can be obtained in this section by discussing the influence of different factors on consumer lastmile delivery service selection behavior. As can be seen from the estimation result and elasticity analysis, delivery activity factors have the least influence, which means that consumers are least sensitive to the delivery service cost they bear, and socioeconomic factors and service factors have more significant influence on consumer behavior. The specific contents are as follows.
A. SOCIOECONOMIC FACTORS
Generally speaking, consumers are more concerned about communication in the process of receiving delivery service, especially when the door-to-door service personnel are nonprofessionals. This situation indicates that enterprises that are prepared to provide nonprofessional service should enhance the familiarity of their nonprofessional service personnel with the delivery service process and requirements to ensure that consumers can recognise the nonprofessional service. It should be noted that consumers are still wary although they may be curious about delivery served by non-professionals. And the elasticity values of Curi can provide the evidence. In addition, enterprises that are prepared to operate unattended services can segment consumer groups and adopt precision marketing targeting high-income groups to ensure the smooth development of the unattended service, because of the strong influence of family income on the selection of unattended service types.
B. DELIVERY ACTIVITY FACTORS
Although the delivery activity factors have little influence, there are still some rules about the costs can be used. On the one hand, the elasticity values of TPHDelPC show that consumer preferences for time slot will change when the cost of door-to-door delivery by professionals that consumers accepted changes. Certainly, this may be attributed to changes in service levels brought by costs. On the other hand, the elasticity values of TPPC and TPPAg reflect that the idea that enterprises plans to influence the consumer preferences for unattended CDPs and door-to-door delivery by professionals through changing the delivery costs is not necessarily feasible. Therefore, enterprises can employ differential pricing to induce consumers to choose a particular time slot. When differentiating pricing, enterprises should fully understand how consumers respond to changes in distribution costs to ensure that the pricing strategy can achieve the expected results. Enterprises can also use various methods of publicity to gradually introduce consumers to the trend of differentiated pricing.
C. SERVICE FACTORS
The elasticity values of CoDel and CoPickup suggest that consumers are less concerned regarding economic loss in last-mile delivery service, comparing with other service factors. This phenomenon shows that the last mile delivery service is more reassuring to consumers in terms of economic security. CoPickup has the greatest impact on door-to-door delivery by nonprofessionals, which means that enterprises need establish the sound and operational regulatory and certification mechanisms for nonprofessionals. The impact of ObOut and SaDel on door-to-door delivery by nonprofessionals further proves that the existing nonprofessionals services still cannot meet the service requirements of consumers. From the time slot perspective, consumers cannot accept the longer waiting time of door-to-door delivery from 8:00-10:00 and are more willing to accept the waiting time from 16:00-18:00. Due to the large influence of service factors on the whole, enterprises should pay attention to improve consumers' last-mile delivery service experience. Enterprises can reduce waiting time and consumers' worries about economic losses by strengthening the automation and visual management of goods delivery.
VII. CONCLUSION
Last-mile-delivery service is a key factor affecting the online shopping experience of consumers. This study defines it as 24 services jointly determined by delivery pattern, service type, and time slot. Accordingly, the consumer selection process of last-mile-delivery service can be refined into the joint selection process of delivery pattern, service type, and time slot. Through the questionnaire, we determined that consumers have clear but varied preferences regarding the 24 types of services. Moreover, services provided by professionals from 16:00 to 18:00 is the most popular, whereas delivery through unattended CDPs from 8:00 to 10:00 is unpopular. To further analyse the influence of various factors on consumer preferences, a CNL model was constructed and compared with three NL models. The study reached the following conclusions.
The CNL and NL models can explain the problems related to individual choice of last-mile-delivery service. Among the NL models, the model with optimal fit was the one that uses nesting by service type, but the CNL model was empirically demonstrated to outperform all the NL models in this case study. Therefore, the parameter estimation results of the CNL model can better reflect the effect of various utility variables on consumer delivery service choice behaviour. The dissimilarity parameter for each nest demonstrated the trend of consumer choice if there were changes in drivers. Estimation results of the dissimilarity parameters in the CNL model reflected that consumers are usually reluctant to change the way that they are served when utility variables are altered.
An elasticity analysis indicated that (1) socioeconomic factors have a strong differentiation effect on individual lastmile-delivery service choice. Communication has the greatest effect, especially on the choice of ''door-to-door deliverynonprofessional service''. The effect of working time flexibility is the lowest, which means that the probability of selecting any alternative is insensitive to changes in working time flexibility. Change of curiosity had a negative effect on the probability of selecting an alternative; the greater consumer curiosity regarding a certain delivery service, the more consumers were to consider the quality and other aspects of the service. (2) Delivery activity factors had a slight effect on joint choice. Expect for increased TPPC, increases of other utility variables increased the probability of selection of each alternative. (3) Service factors had the strongest effect on individual last-mile-delivery service choice; increased economic concerns and waiting time reduced the possibility of selecting alternatives. However, degree of consumer concern regarding the economic loss and the waiting time had the weakest effect on the relevant choice of ''door-todoor delivery-professional service.'' Improvement in service satisfaction increased the probability of selecting various alternatives. In general, consumers who selected door-to-door delivery had relatively strict service requirements for nonprofessionals and preferred to be served from 16:00 to 18:00.
The research results provide insight into delivery service management. In the process of providing a last-mile-delivery service, attention must be paid to the influence of socioeconomic factors, and various reasonable delivery services must be offered for the right crowd. Moreover, fully understanding consumer attitudes regarding delivery costs and setting appropriate delivery service fees is necessary according to the consumer preferences. Most importantly, enterprises should strive to improve the quality of delivery services by continually promoting delivery services corresponding to the preferences and experiences of consumers.
There are still several limitations of this study, although this paper tries to analyze Chinese consumer choice behavior of last-mile delivery service in a comprehensive and detailed way. Firstly, The data are mainly from consumers in China's coastal areas. In the future work, consumers in inland regions, even consumers in different countries, will be investigated to enrich the research results. Furthermore, in the real-life, there may be interaction between the factors that affect consumer choice behavior. It is clear that the interaction has not only a theoretical but also a practical significance, which needs to be further elaborated in future.
